between extant individuals are an important criterion in the development of a genetic management plan for an endangered species. Where survival is ensured by captive breeding, the genealogy of current individuals is often available, but relationships among founders from the wild may be almost completely unknown. Genetic data can provide information on these unknown relationships, but the inference of genealogical structure from genetic data is not straightforward, especially where the available data are multilocus DNA fingerprints. Here we use a new model to analyze the DNA fingerprint data available for the California condor population and to make inferences as to the structure of relationships among the founder individuals. We show that inferences can be made on the basis of these fingerprint data. The inferences made have implications for the genetic management of the species.
Introduction

Kinship relationships
are an important component of sociobiology and evolutionary biology, and knowledge of these relationships is important in conservation management.
Kinship considerations may be important for a variety of reasons (Lynch 1988 ) . In a captive-breeding program, matings between close relatives can be avoided, and strategies to conserve maximum genetic variation can be developed, if the genealogy of the population is known. In the development of a release program, genealogical knowledge can ensure a genetically representative release group, while at the same time avoiding risk to genetically important individuals -individuals who are likely to be carrying genes not represented elsewhere in the captive population.
Aspects of the program for the management of the California condor provide a specific instance in which uncertainty in kinship relationships among a limited number of wild-hatched (founder) individuals confounds efforts to preserve and manage the gene pool. There is a dearth of genetic knowledge about the species. Population samples for blood typing and isozyme studies (Corbin and Nice 1988) did not become available until the wild population was already unviable. Only a few individuals remained, and isozyme variation in bird species is low in any case (Burke and Bruford 1987 ) . Corbin and Nice ( 1988) found the surviving population to be monomorphic at 24 of the 3 1 loci studied. Thus traditional population genetic approaches to the estimation of kinship (Morton et al. 197 1) or relationship (Thompson 1975) are not applicable.
Recent development of technology allowing identification of highly polymorphic repetitive sequences distributed across the genome offers potential for alternative data-DNA fingerprints-on which to base analysis of relationships (Jeffreys et al. 1985; Vassart et al. 1987) . However, there is no straightforward genetic model for patterns of DNA fingerprint similarities. DNA fingerprints result from the distribution of restriction-enzyme recognition sites within or adjacent to the repetitive sequences homologous to probes. The implications of DNA fingerprint data depend on the extent of diversity of DNA fingerprint bands and the frequencies of individual bands within the population.
(Not all fragments provide bands within the visible region.) With some species, it is possible to assemble sets of individuals known not to be related and, also, to assemble sets of individuals with known pedigree relationships. Comparison of DNA fingerprint data from such sets of individuals can provide a basis for assessment of the allelic or linked nature of bands and for the estimation of mutation rates (Jeffreys et al. 199 1) . For the California condor, although parentage of individuals hatched in captivity is known, the pedigree relationships between the wild-hatched California condors that were later brought into captivity are unknown.
There are no two birds even likely to be unrelated.
The usual statistical model for dependent binary data is the "autologistic" model of Besag ( 1974) . The application of this model to DNA fingerprint data of related individuals has been developed by Geyer and Thompson ( 1992) . For many years it was thought that computation of maximum-likelihood estimates ( MLEs) of the parameters of such models was infeasible. Monte Carlo methods (Geyer and Thompson 1992 , and references therein) have recently been proposed for obtaining approximate maximum-likelihood estimation of the parameters of the model. From these parameter estimates we can compute other quantities of interest, such as the correlations between the data for pairs of individuals.
These correlations are surrogates in the model for the genetic correlations between individuals and thus provide a measure of relatedness between individuals (Wright 1922) . In this paper, we apply these procedures to DNA fingerprints for the 32 California condors for which such data are available. This provides estimates of the relatedness for pairs of condors whose genealogical relationships are unknown. We discuss implications of these results for management of the California condor gene pool.
Material and Methods
The Condor Population
The California condor, Gymnogyps californianus, is the largest bird of North America. By mid-1987, every surviving individual of the species was held in captivity after agreement that the decline of the wild population to eight surviving adults had demonstrated that the wild population was destined for extinction. The potential loss to the species that would accompany the demise of the wild population was unacceptable. The recovery plan for the California condor includes goals for the retention of the genetic diversity represented by the founder individuals. The genetic management and reestablishment of the California condor will be accomplished through captive propagation and control of matings. Maximal retention of genetic variation and management of inbreeding in this small closed population will involve consideration of the relatedness among founder individuals.
Typically, in considerations of survival of genes in pedigreed populations subject to conservation management, founders are considered to be unrelated. In the case of the California condor, such an assumption would almost certainly be incorrect. To gain insights into the degree of relatedness of the wild-hatched California condors whose pedigree relationships were unknown, a study of DNA fingerprint variation in California condors has been undertaken. Information concerning these relationships between founders would have implications for the structuring of matings in future generations of condors to ensure maximal gene survival. Identities of California condors follow the nomenclature in the California condor studbook (Kuehler 1989, pp. 8-l 3) . The studbook lists all the known genealogical relationships.
The pedigree of the extant species is presented in figure 1 . The sample population included every living member of the species as of January 1, 1989, as well as several deceased individuals.
Fingerprint Data
Length polymorphism of arrays of tandemly repeated DNA dispersed throughout the nuclear genome gives a general method for identifying and analyzing heritable genetic variation.
After restriction-endonuclease cleavage and electrophoretic separation, DNA probes homologous to the tandemly repeated sequences identify DNA fragments. A pattern of hybridizing bands variable in length -and, therefore, in electrophoretic mobility-is identified by the DNA probe. Bands of identical mobility and relative intensity are treated as a single "allele." Probes most useful for DNA fingerprinting elucidate numerous bands of hybridization that are highly polymorphic within the population.
Whole blood for preparation of DNA was obtained by venipuncture of juvenile or adult birds when animals were handled for routine veterinary examination.
Tissue from necropsied animals was also used after first being ground into a powder under liquid nitrogen. Typically, 300 ~1 of erythrocytes or 5 g of powdered tissue were suspended in 20 ml of digestion buffer (0.2 M NaCl, 0.05 M Na2EDTA, pH 8.0). Sodium dodecyl sulfate (SDS) was then added to 0.5% final concentration, and proteinase K was added to 200 ug/ml final concentration.
Crude lysates were incubated overnight at 50°C. RNase A was subsequently added to 200 ug/ml, and incubation was continued for 4 h. Next, a series of phenol and phenol+chloroform:isoamyl alcohol [ 24: 1 (v/v) ] extractions were performed, ending with final extractions with chloroform:isoamyl alcohol. The extracted aqueous phase was dialyzed extensively against TE8 ( 10 mM Tris-Cl, 1 mM Na2EDTA, pH 8.0), made 0.3 M in Na acetate, and ethanol precipitated. Precipitated DNA was resuspended in TE8 and was electrophoresed through 1% agarose gels to evaluate the extent of degradation, if any. High-molecular-weight condor DNA was digested with restriction endonucleases HaeIII, Ah I, MboI, and/ or Sau 3a, which have tetranucleotide recognition sequences. Digestion conditions were as recommended by the suppliers (New England Biolabs and/or Bethesda Research Laboratories).
After digestion, samples were subjected to electrophoresis in 20 X 30-cm 0.8% agarose gels (SeaKem GTG or SeaKem LE; FMC Corp.) utilizing 1 X TEA (0.04 M Tris-Cl, 0.02 M Na acetate, 0.002 M Na2EDTA, pH 8.0) running buffer at 35 V for 24-36 h, depending on the molecular-weight fraction of the digestion products for which maximal resolution was desired. Ethidium bromide ( 1 .O pg/ml) was present in the agarose gels.
After electrophoresis, gels were initially treated to two IO-min washes in 0.25 M HCl. Subsequent steps in the transfer of DNA to membrane filters (Hybond N; Amersham) were performed according to the method of Vassar? et al. ( 1987) . Prehybridization was conducted in plastic bags (Seal-A-Meal; Dazey ) by washing the membranes at 42°C for 4-16 h in 40% formamide, 1 .O M NaCl, 1% SDS. 32P-labeled DNA probes were prepared using a commercial kit (Random Primed DNA Labeling Kit; Boehringer Mannheim) according to the supplier's instructions. Two probe sequences were utilized: bacteriophage M 13 (wild-type; ATCC) and pV47-2 ( Longmire et al. 1990 ). Hybridization was conducted at 42°C overnight by adding labeled probe to the prehybridization solution and resealing the plastic bag. After hybridization, membranes were washed according to a modification of the method of Vassart et al. ( 1987) . They were given two 15-min washes at room temperature (approximately 2O"C-24°C)) and two 20-min washes at 50°C in 2 X SSC (0.03 M NaCl, 0.03 M Na citrate, pH 7.0) containing 1% SDS. Occasionally, if the hybridized membrane was judged, on the basis of readings from a hand-held surface-radiation detector, to emit levels of radiation in excess of that necessary for routine development times ( 16-72 h ), a third series of washes was performed. Autoradiography was conducted at -70°C by utilizing intensifying screens. A typical gel result is given in figure 2.
Multiple replicate Southern blots were prepared; the relative position on the gel of DNA samples from the individual condors was varied. A DNA fingerprint composite table was compiled for each combination of enzyme and probe. Each discrete DNA band present in the total population was determined to be present or absent (or presence not resolved) for each individual.
The combined data for all enzyme and probe combinations, for all the 32 sampled individuals, are shown in figure 3.
Statistical
A statistical model for DNA fingerprint data has been developed by Geyer and Thompson ( 1992) ) specifically for the problem of estimating relatedness. This model does not attempt to reflect accurately all features of the underlying genetics, which are too complex to estimate from the data. Instead the model is constructed to have reasonable statistical properties and to have a dependence structure that approximates the dependence of relatives. The model is constructed by choosing a set of statistics that adequately summarize the data and then taking as a model the exponential family for which these are the natural sufficient statistics. This model is the least restrictive, given the choice of statistics (Geyer and Thompson 1992) . Hence this model is the logical basis for statistical inference, given the choice of statistics.
Let the data be coded as an m X n matrix X = { XU] of zeros and ones; Xij = 1 if individual i has band j and Xij = 0 otherwise. Then the set of statistics chosen was The vectors U and V are just the row and column sums of the matrix X, the observed numbers of bands for each individual and the observed number of individuals having each band. The matrix Wgives the number of bands shared between pairs of individuals. The measure of similarity that has been used previously in the literature, (Wetton et al. 1987) , is a function oftwo ofthe statistics, Uand W. The other statistic, V, the observed population band frequencies, is needed if any adjustment is to be 3 16 Meyer et al. made for different allele frequencies. The model can be thought of as being the way to make the best use of these statistics. Since X $ = X0, we have W'ii = Ui . Also Wi, = Wki. SO a complete set of statistics uses only the Wi, for i < k. The exponential family generated by these statistics is of the following form:
where c( a, p, y) is determined by Cxpu,p,y (x) = 1, the sum being over all possible data matrices, x. This sum cannot be performed explicitly; there are too many possible data matrices. Hence there is no closed-form expression for the function c or for the log likelihood &a9 P, Y) = log Pcl,P,rw) *
Nevertheless, the function c can be approximated by Monte Carlo (Geyer and Thompson 1992) , and the maximizer of the Monte Carlo approximation can be made as close to the exact MLE as desired, by using a large enough Monte Carlo sample size.
As described so far, the model does not permit any imprecision in determining the bands. For each individual it is assumed that it can be established whether that individual has each band and that bands of similar intensity and mobility are DNA fragments whose sequences are identical by descent. Although the model cannot allow for misalignment of bands, it can allow for some imprecision in determining the bands. The presence of some bands in some individuals may be "missing data." These observations may be missing either because some individuals were not run on some gels or because the diagnosis of a band was uncertain.
With missing data, the log likelihood (for the observed data) becomes LA&, P, Y) = 1% [ c Pa,P,r(-el 9 xEM where M is the set of all data matrices having the observed value for the observed data and any possible value for the missing data. If the amount of missing data is small (as is the case in our data), this sum can be done explicitly.
It follows from standard theory of exponential families (Geyer and Thompson 1992 ) that increasing the value of one of the parameters increases the expectation (under this autologistic model) of the corresponding statistic: increasing ai increases E( Uj ), increasing pj increases E(Q), and increasing yik increases E( Wjk). As oi increases, so does the expected number of bands in individual i, which happens in reality as individual i increases in heterozygosity. As & increases, so does the expected number of individuals with bandj, which happens in reality as the population allele frequency of band j increases. As yik increases, so does the expected number of bands shared by individuals i and k, which happens in reality as the relatedness of individuals i and k increases. Hence a is analogous to outbreeding, p to population allele frequency, and y to relatedness.
But the analogy is not close, especially for the parameter y. When yik = 0, the variables Xij and Xkj are conditionally independent,
given the values of all of the rest of the variables ( not necessarily unconditionally independent). If yik > 0, then Xij and Xkj are conditionally positively correlated, given the rest; and, if Yik < 0, they are conditionally negatively correlated, given the rest. Kinship coefficients correspond more closely to unconditional correlations than to conditional correlations. So, to get a parameter more closely resembling kinship coefficients, we approximate by Monte Carlo the unconditional correlation (under the model) of X0 and xkj. This correlation is evaluated at the MLEs of the parameters c1 and y and for a single hypothetical band j that is maximally informative, one that would have an expected population frequency of -50%. The matrix of unconditional correlations for such a band is our analogue of the matrix of pairwise kinship coefficients.
Negative unconditional correlations would not make sense genetically. Unrelated individuals are uncorrelated, and relatives are positively correlated. Hence we would like to constrain the unconditional correlations to be non-negative. Unfortunately, Monte Carlo approximation of the unconditional constraints inside each iteration of the optimization procedure is computationally infeasible. Only constraints on the model parameters a, p, and y can be easily imposed. So we impose the constraints y& 2 0 instead, which assures non-negativity of both the conditional and the unconditional correlations. Thompson ( 1992) , however, has pointed out that genetic conditional correlations can be negative (e.g., the correlation between parents, given their offspring). So this constraint introduces a slight bias in the estimated correlations; some of the y's could have small negative values without driving the unconditional correlations negative.
The model described here also contains several genetic idealizations that are not completely realistic, including the assumption of correct band alignment and the possibility of isoallelism. Another assumption is implicit in our choice not to include in the model dependence parameters connecting different bands. This means that different bands are independent random variables: Xii and & are independent random variables (in the model) for j # 1, even if i = k. Thus the model has no behavior analogous to genetic mechanisms (such as linkage and allelism) that induce dependence among the bands. This assumption cannot be exactly true. There is, however, nowhere near enough data to estimate dependence parameters connecting different bands (there would be more parameters than zero-one variables), and, since dependence between bands cannot be estimated, some form for the dependence must be assumed. The assumption of independence is less restrictive than a specific assumption about the form of the dependence.
One more consideration has been used to reduce the number of parameters to be estimated. Individuals in a set of full sibs with no offspring all have the same inbreeding and the same kinship to other individuals.
Hence for such sibships we give each sib the same a, and we give each of the sibs the same y to any other individual. This means that for individuals i and k in such a sibship and for any other individual I we enforce the constraints ai = ak and yi/ = ykl. Let m, be the number of such sibships (full sibs, no offspring), and let mi be the number of individuals not in such sibships. Then this reduces the number of a's from m to m, + mi and reduces the number ofy's from m(m -1)/2 to (m, + mi)(m, + mi -1)/2 + m, (the last term arising from the y's connecting pairs of individuals within the same sibship). Knowledge of some relationships, such as these sib relationships and some known parent-offspring links, permits some calibration of the scale of estimated correlations between pairs of individuals.
Similarly we can reduce the number of p's to be estimated. Two bands that have the same number of observed occurrences and that have "missing data" for exactly the same pattern of bands must have the same p, by symmetry. Hence we force them to have the same p. If we did not, the Monte Carlo approximation of the MLE would not have identical p's for such bands. The estimates would be close, but there would be Monte Carlo error. For example, there are seven different bands with no missing data and six individuals exhibiting the band (not the same six individuals in each case); all seven bands must have the same p. This gives an additional reduction of 33 parameters:
there are only 46 distinct p's for the 79 bands. Table 1 lists the California condors for which DNA fingerprints were obtained. Table 2 lists (a) the groups of individuals within sibships that are given the same parameter values and (b) the numbers that will be used to identify them throughout the rest of the paper. We will use the term "sib set" to mean one of these groups or a single individual that is not in any group. Although 2 1 (REC/Igor/AC9) is a full sib of Sisquoc, Sespe, Piru, Inaja, and Pismo (sib set 28), he is not placed in the same set, because he has an offspring. His parameter estimates are allowed to differ from theirs. Table 3 shows the (Monte Carlo approximation to the) MLEs of the a's and y's. Figure 4 shows the estimates of the p's. The a's and p's are not of much intrinsic interest. They are shown only to make the point that there is much variation in both the number of bands per individual and the number of individuals per band, and this must be taken into account in a sensible model. Figure 4 shows that p is a simple monotonic function of population allele frequency. The slight departure from smoothness of the curve is entirely due to the bands with missing data. If only the complete-data bands are plotted, the curve is perfectly smooth. The y's are also not of intrinsic interest, since a y of zero does not indicate lack of relationship, though the large y's (those > 1 .O) do indicate a significant degree of relatedness. To obtain quantities interpretable as relatednesses, we computed genetic correlations as described in the preceding section. These are shown in table 4. These are not empirical correlations of any of the observed data; rather, these are theoretical constructs, MLEs of the genetic correlations under the autologistic model (2). These estimated genetic correlations are compared with the raw similarities ( 1) in figure 5 . It is evident from the figure that, although the raw similarities provide some information, with the very largest similarities indicating some relatedness, they provide almost no information about relationships more distant than full sibs and parent-offspring.
Results
Estimates
Throughout the plot one sees vertical lines of dots. These show widely varying raw similarities for relatednesses that are known to be equal. At the left-hand side of the plot we see that raw similarities ranging from 0.04 to 0.59 (three-quarters of the full range) do not correspond to significant relatedness. The unsuitability of raw similarities for estimating relatedness has been inferred from other arguments, by Lynch ( 1988) . This example provides further support on the point.
Inferences of Relationship Structure
The estimated genetic correlations given in table 4 are our definitive numbers for inferences about relationships.
To obtain a clearer picture of the relationship structure of the condor population, we reduce these estimated genetic correlations to a twodimensional image by using multidimensional scaling, the implementation cmdscale in S (Becker et al. 1988, pp. 4 18-419) . This first requires that a "distance" between sib sets be defined. The natural distance, one that would correspond to degree of relationship for additive genetic variance, is dij = -log2pii, where pij is the genetic correlation of sib sets i and j in table 4. The result is shown in figure 6 . The distance of a sib set from itself is defined to be zero, even for sets that contain more than one individual.
The reason for this is that multidimensional scaling puts individuals that have the same distance from every other individual at the same point, regardless of whether this distance is defined to be zero. It refuses to separate the individuals within a sib set.
The multidimensional scaling plot shows a clear division of the population into three groups:
Sib sets 12,25, and 44, which consists of a mother ( 12, SSF/AC8) and her offspring, a sib set (25, X01x01, Tecuya, Cachuma, Aiiapa, and Squapuni) and their half-sib (44, Nojoqui). Sib sets 6, 10, 13, 20, 32, and 45, which consists of one set of parents (6, SBM/ AC2 and 10, SBF/AC3) and offspring (32, Almiyi, Ojai, Kaweah, and Malibu) and of another set of parents ( 13, UN1 and 20, HIW/AC4) and their offspring (45, Molloko). Sib sets 1, 4, 5, 7, 11, 18, 19, 2 1, 23, 28, and 33 (everyone else).
The only known relationship between groups is the parent-offspring link between 44 ( Nojoqui ) and his father 2 1 ( REC / Igor / AC9 ) . a=-2.5 a=-3.2 a=-2.4 a=_3.2 o=_2.7 a=_3.5 a=_l.9 a=_2.6 a=-2.6 a=-3.3 a=-3.5 a=-2.9 a=-2.6 a=-3.1 a=-3.0 a=-2.0 a=--27 a=-45 a=-40 To assure ourselves that the multidimensional scaling does not distort the "distance" defined by the correlations, the distances themselves are plotted in figure 7. Distances within groups are smaller than all but a few of the distances between groups. The separation is fairly clear, with a dividing line between 3.32 and 3.46. All of the within-group distances are x3.46 (corresponding to a correlation of 0.09 1)) and only five of the between-group distances are ~3.32 (corresponding to a correlation of 0. lOO), including one known parent-offspring link between 2 1 and 44. The other four pairs with higher (model-based) correlations are lo-19 (0.20)) 1 O-4 (0.14), lo-18 (0.12), and 44-4 (0.12). Thus 10 (SBF/AC3) has some evidence of relatedness to three of the individuals (CVM/AC7, BFE, and AC1 ) in group 3, and 44 (Nojoqui) has some evidence of relatedness to 4 (AC7 ) . For comparison, the (model-based) correlations between known first-degree relatives range from 0.15 to 0.37, with only the somewhat distant link between 2 1 and 44 being between 25 (X01x01, Tecuya, Cachuma, Aiiapa, and Squapuni) and 44 (Nojoqui), has a correlation of 0.11.
For comparison we have made a similar multidimensional scaling plot ( fig. 8 ) based on the raw similarities (again using -log2 of the similarity as the distance). The groups are still separated, though it is hard to imagine how one could pick them out of this plot had they not been determined in figure 6 . Certainly no clustering algorithm would pick these groups. The model-based estimates have cleaned up the picture and allowed us to find population structure not apparent in the raw similarities.
Statistical Stability of Estimates
Because of the constraints on the parameter values, the usual asymptotics of maximum likelihood are not valid. To get even approximate confidence intervals for the parameter estimates would require massive Monte Carlo calculation. We have not done this, because confidence intervals for the a's, p's, and y's would be of little practical value. They would tell us nothing about the precision of the estimated genetic correlations or of the locations on the multidimensional scaling plot. For this reason we have employed a cruder indication of precision, shown in figure 9 . We simulated two new data sets, using the stochastic model corresponding to the MLE. We then calculated new estimates, new genetic correlations, and new multidimensional scaling plots for these data. They give a rough idea of the variability of the separations indicated by the multidimensional scaling plot for the real data. Although the individuals move around, the pattern of separation of the groups remains. Thus, as far as conclusions can be drawn from only two simulations, it seems that the estimates are fairly stable under resampling from the fitted model. Resampling from the fitted model, which cannot be exactly correct, may underestimate the true sampling variability. However, since there is no way to collect an independent set of new data from the same population, there is no way to estimate this true sampling variability.
Discussion
Condors
The California condors can be divided into three population subgroups such that the between-group relatedness seems to be significantly less than the within-group relatedness. Although these groups were determined using a specific statistical model, the groups are consistent with the picture given by the raw similarities of the fingerprint patterns ( fig. 8) and with what is known about the geographic structure of the population before it was brought into captivity.
The genetic distances between the groups are clear and seem to be statistically significant, though we have no way of doing a formal hypothesis test. This is shown by the simulated data ( fig. 9) ) in which the sampling variability under the assumed model is less than the distances between groups. The same figures show that the genetic distances within the groups are smaller than the sampling variability under the model. The amount of data at hand is not sufficient to detect substructure within the groups. The population subgroups have implications for genetic analyses of condors. Founder gene contributions of the subgroups are more important than the contributions of individual founders. It is more reasonable to equalize founder contributions from the population subgroups than to equalize the contributions of individual founders. Similarly, gene survival of genes from the three subgroups is more important than gene survival of individual founders. In any attempt to calculate inbreeding or heterozygosity, some effort should be made to account for the relatedness of the founders that is apparent in the DNA fingerprints.
It is not clear how best to do this, although a lower bound is given by assuming the founders to be unrelated, and a reasonable upper bound is given by considering founders in the same population subgroup to be very closely related, perhaps full sibs.
In choosing breeding pairs, serious consideration should be given to avoiding pairs of mating individuals from the same subgroup, though for this purpose the table of estimated genetic correlations (table 4) should be used as the primary standard. Although many of the within-group correlations are smaller than either the smallest correlation between full sibs (0.22) or the smallest correlation between parent and offspring (0.15), and although some are even smaller than the correlation (0.11) between the only known half-sibs, most of the relatedness between individuals in different subgroups is smaller still (fig. 7) . So preference for outgroup matings should reduce inbreeding.
It would be useful, for comparison, to get museum specimens to investigate genetic variability of the historical population.
Several hundred might be available. Another -Genetic distances within and between population subgroups. Genetic distances ( -log2 of genetic correlations) within and between the three population subgroups are as defined in Inferences of Relationship Structure subsection. Dots show distances between sib sets (individuals or sibship groups) of unknown relatedness. 1 = Known first-degree relationships (parent-offspring or full sib); and 2 = known second-degree relationships (half sib). Labels below the plot are as follows: 11 = distances between individuals in group 1; 22 = distances between individuals in group 2; 33 = distances between individuals in group 3; 12 = distances between groups 1 and 2; 13 = distances between groups 1 and 3; and 23 = distances between groups 2 and 3. The x-coordinates of the dots are "jittered," so that the points are distinguishable (the xcoordinate within the cloud of points over one of the labels is random and meaningless). possible comparison is with Andean condors (Vultur gryphus), which are the same family and different genus but closest extant relatives. The same DNA fingerprint analysis done for the California condors was also done for 10 Andean condors consisting of three full sibs, their two parents, and five other individuals having no known relationship to the rest. The known first-degree relationships had model-based correlations ranging from 0.14 to 0.23 (cornbared with 0.15 to 0.37 for the California condors). Four of the Andean condors were estimated to have no relationship to any of the others (all y's were zero, and hence all correlations were zero). For the California condors the lowest model-based correlation was 0.005, and the lowest model-based correlation within groups 2 and 3 of the first population (excluding X01x01, Tecuya, Cachuma, Anapa, Squapuni, SSF/AC8, and Nojoqui) is 0.033. It is not known whether these low correlations are statistically significant, but the example of the Andean condors does show that such estimates can be zero for completely unrelated individuals.
Future release propagules should be chosen to represent the gene pool, insofar as this can be done without risking loss of genetic diversity of the captive breeding population.
The gene pool of the release propagule can always be adjusted later, so long as the genes have not been lost through premature release and accidental deaths. Hence the most important consideration for the near term is the preservation, in the
